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A hierarchical, automated target recognition algorithm for

a parallel analog processor

Curtis ]’adgctt
Gail Woodward

Jd I’ro}mlsiol] l,al]oratory
(;aliforllia Itlstito[c  of ‘Jkdlflology

A IIicrarcllical  al)proacll is dcscrit.d for all autolt~atd target rccogtlitioll  (A’J’1{)  systcItI, VIG1l,AN’1’11},  that
uses a Inassivc]y l)arallel,  analog  ]jrocessor  (31) ANN). ‘J’lic 31) ANTNT l)rocessor  is caI)ablc of Ixmforlning  64 com
curwrlt, illncr I)roclucts  of size IX409G every 250 llatloseco]lds. A colltIjlctc 64x64 raster scan of a 256x256 ittlage
call be evaluated by tflc 31)ANNT wit}l its 64 ltlodifial~lc tetllplatcs  in al)out 16 Iuilliscconcls.  ‘1’0 fully utili7,c  tl[c

a[lalog I)rocessor  a]id accon]~nodate  its IIigll l)altdwidtlt  rcquireltlcnts,  tllc v e c t o r s  (tern I)latcs)  loadd oil to the
31)ANAT ]jrovidc climcllsionality  rcduc(,  ion for a hacli-cnd set of classifiers. ‘1’hc tc]ur)latcs  used in the reported
algoritllltl  arc llicrarcllically  gelwratcd  sets of cigcllvcctors  take]) froln a })artitiolid set of library object  images.
As itlforltlatiou  is accuInulatd al)out  tltc target (e.g. oljjcct  class), a rnorc  rdind set of ei.gmlvectors reflecting
this kIIowldge  call bc loadccl and IIlorc  sl)ccializd classifiers utilized. ‘J’hc classifiers ~Jrovidc inforlnation  related
to tllc Al’l{ task:  location, class, sul)-class, aI]d oricntatioIl  of target(s). \\7c rel)ort some prcli Illinary results that
cxaltlinc  tllc ~mrfor]tlancc  of orientation classifiers. \Vitfl no ktlowldgc aboltt  object  class 01 oriclltatio]l,  a ]Ieut-al
]Ictlvork  aclticvm 94 .2(X in detertniuirlg  to wllicll OIIC of tflrcc classes froln wrt ical (30°, 45°, or 60° ) an ol~jcct
ifllagc is cJriellted  (+300).  Using al I eigcllvector  tcttll)latc  set .gcv]eratd fro]]) a clistributio~l  }vllerc bc~tll object class
and oric]ltatic]ll are kHown,  a neural llctwork classifier acllicvcs 96% in orict]ting  the object  to within  +22,.5°. ‘1’ltis
illfor~tlation catl bc used to load cvel) IItorc  slwcific cigcllvcctor  sets Jvllicll sl]oulcl lead to I[lorc  accurate ot)ject
locatiotl  duri[lg tracking and an cnllatlccrnetlt  itl ol)jcct rwogt]itiotl  tasks.

1 Introduct ion

Nlally  c)f tllc I)roblcIns  associakl  wit]]  autoItlatd target  reco.gtlitioll (A’1’R)  have bccl) s t ud i ed  itldclwtldcntly
but 110 fully autolnatcd, gclmal i~i]agil~g systclll  exists tl)at  is able to detect  all aerial target, distinguish it as
IIostilc (or interesting), allcl thc]l Iwrfortt] real tirtlc trackiltg. ‘1’hc rcasolls for this arc cluitc }vcII  ktIOIVII irl the
ltLactlitlc vision colnloutlity.  For IIlost llotl-trivial  targets ,  cllari.gcs itl al)lwaraIlcc due to li.gllti[lg  variatio~ls, scale,
oric]ltationj  clutter, etc. I)ose sigtlificallt diflicultics  ill dctertnittit]g  lvtlcrc all object is, its class, sul)-classj c)r its
orietltation.  ‘J’hcse difficulties ofkn require IIigll rcso]utio]l  ilnagcry  alld substatltial alt]ounts  of co]lLputatiol]  to
socccssful]y  cvaloat,c a sccnc,  l’rcviously, only l a rge  sLll)crcollL])lltcrs  were al)lc to l)roviclc  tile l)roccssing I)owrcr
to r(]t] ]uost A’J’li algoritlllt]s  at allytllillg  close to tile fra]nc rates sufficient for tracking  a fast airborrlc  target.

‘J’]lc VIGI  l, AN’J’II; l)rojcct  is currently  dc~’do~)itlg a git[lhalcd,  o~lt ical bcllcll COLI})lNI to a Inassivc]y,  ]mra]icl
I)rocmsitlg  e~lgillc dcsigtld to lwrfortn as a self-contai[ld A’1’1{  systcl[l 011 all airborne  ])latfor[t~.  ‘1’hc gitnbalcd
olJtical Imlc]i (VI GI1, ) ])rovides  a ~tlultil)lc sc]lsor imagitlg  systct]l that delivers a sitlglc 256x256 image froln O]IC
of tllc sensors to a l~igl~ slxxxl  data lmoccssil~g ])atl]  (AN’J’lt)  at 30 fraltlcs  I)cr second, ‘1’hc set of sensors to bc
irltcgratcd  into tllc optical bcnc]i iilcluclc four sc~wors:  a 1.5 dcgrcc field of vim (FO\f)  CC]);  a CC])  caltlcra  with
a colltrollal.)lc  zoom; all in fra-red QIJII’  calt] era; and all ultra-violet. calnera. ‘1’l)c ol)tical  lwrlcl] is controlled by
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a IIost  comljutcr  (a 1)6 runllilkg at 200 Nfllz) that selects tllc active  sensor, directs tile gilnl>a],  adjusts tile ZOOIH,
aild sets ot,hcr smlsor  specific IJaraTttders (e.g. cxIJosurc  litnc).

‘J’lic data I)rocessing  path of VIGI  I, AN’l’l;,  I)roviclcs  a dedicated set of cligital and analog  I)arallcl I)roccssors
t o  irnl)lmncllt the higl]  bandwidth  ( 3 0  fralncs  ]jcr sccorld) in~agiug oIwrations  rccluirecl f o r  Al’}{ aj)plications,
‘J’lle IIcart of tile AN’J’lI;  systc~tl  is the 31) ANN l)roccssor. It is an analog processor, cal)ablc of performing 64
col~cu~rcnt  vcc.tor  clot ]Jrocluct olwratio~ls  of 4096 clitnctlsions  cac}l, every 250 ]Ianosccc,ncls,  A back cncl cligital
J)arallcl  Inachille  consisting of 512 lJrocmsors  receives the outl)ut  fro~tl tllc 31)ANN,  Iwrforllls si[nple lJarallcl
c~~wrat iolw (e.g. a IIcural  Ilctworli  classifier) and scllcls its rmults  to tllc host, ]Jroccssor  for f[nal evaluat  iorl.

‘J’lic 31) ANN cffkctivcly  lmrfortm  64 convolutions 011 tllc original  ilnage with 64x64 tmnl)]ates  in approximately
16 inillisecollcls,  ‘1’he jol~ of tltc cligital ])cm-l)roccssor  ancl tltc host is to clistill the information extrackcl  by the
31) ANN at)cl I)ut it ill a for)tl sui(,al)lc for usc Ijy all A’1’1{  al)l)licatioll:  tar+yt  classification{, type,  iclentification,
clirwtion,  dc. ‘J’lic next  section clcscritm  tllc 31)ANTN arcllikcturc ll~orc fully. \\rc tllcn clcscribc  our ])roposal
for co]ltrolli])g tlIc \~IGII,AN’J’I;  lnacllirlc cluritlg all A’1’li task. 1+’itlally,  }YC SIIOW  prclimittary  results  usi[lg neural
IIctfvork  classifiers to provicle orictltatio]l  it] fornlation  \vitllitl our col)trol fralncwork,

2 Data Processing Path

‘1’lIc c]ata l,roccssiilg  ])atlt of \71Gl l, AN’J’lI;  colwists of a fralne  gral)kr, a digital loacling clevice allcl cligital
to analog  converter (CI,l C), tlic 31)ANTN ]Jroccssor and a hat)k of atialog  to cligital converters, the Slh!I),  512
])rocrxscjr  CNAI’S l)oarcls, ancl the lIost  1’6 ~vit II its scc-cj]ldary s t o r a g e , ‘1’lIc kcy co~nr)o~icnts  of tile system  arc
SI]OWII ill ]rigure 1. ‘1’he fralllc  grabber storm  the ilnagc frolo tile active  sensor on tllc o[)tical bc]]ch  ancl moves it
iii 1x64 ~)ixcl rows c)r co]umlis to tllc C1, IC. ‘J’lic C1,l C takes ill a row or colutnl}  arlcl shifts it 011 to its 64x64 array
of cligital to analog  cc)nvcrters  cacll clock cycle (250 ltariosccollcIs). ‘J’lIe 64x64 cligital clelllcnts  arc converted to
analc)g and ljlacccl 011 tllc 31) ANN’s  itltcrt]al  I)IIS for irlncr J)rocluct  calculatiorl.

‘1’he cen t r a l  com])oncnt,  of VI G1[,AN’J’1} is the 31) ANN lI]odulc.  It has 64 64x64 cligitally slwcificcl }veight
tcvtll)latcw.  ‘J’lIcse  ternp]atcs  ancl the analog itlput  sigtlal fro][l  the CI,lC  are waluatcd every 250 nanoseconds
rcsultitlg  il[ a 64 clilncnsiotlal  outl)ut  vector, v-

~vllcrc c is a 64x64 in])ut itnagc allcl ‘1’ is tllc Inatrix  clcfit)ecl  I)y tile te]n I)latm. ‘J’IIc telnplat,es  ill tile 31) ANN
lt]oclulc arc slwcifiecl  with 8 bit precision. I( takes al)l)roxitnately  1 lnillisccollcl to load a IICW set of telnl)lates
l)roviclccl tllc set was resiclent  ill the loaclcr’s bufkr  (tllc loacler ~)roviclcs s[)acc for 111)  to 5 sets of teln])lat,es). If the
t crll])lates Ilrvxl to be retrieved frolil the host, tllc t imc it takes to Ioacl the tettl~)latcs is between 25-50 milliseconds
(25 if the tcln~~latcs arc rcsiclcnt  ill ]tlai[i ]Itcrnory).  A coIIII)lck  convolution of tile 256x256 irtla.gc with a 64x64
te]tll)late  rccluircs  a])l)roximate]y  16 lnilliscco~lcls  to cotnl)lctc.

‘J’IIc  64 alla]og values getlcratcd  l)y tile 31) ANN ancl are collvcrtecl to 8 hit cligital values aud are })assecl  along to
a ]Ilctnory })ufl’cr }vllcrc they can }N acwssccl  I)y tllc CNA}’S  ~)rocmsors  (Acla I)t ivc Solut ic)ns,  lhavcrtoll, Oregorl).
‘J’IIc  bc)arcls })rocess the out])ut, of tllc 31) ANN alicl rcc]ucc tllc all~c)urlt of itlformation  (64- 256x256 itua,gcs) so that,
it can lw cfliciclitly cwaluatecl by tllc host. ‘J’lle host ])roccssor  selects the sensor, lnoves t elnplates  on aucl off tile
31)ANN, selects wltich algorith[tls  rutl C)T1 tllc CNA1’S  hoards, ancl evaluates tllc results of tllc clata proccssillg,  It
also I)rovidm  “context, ” for carrying  clut the A’J’1{ tasks  as it rclllclnljcrs  whicl~ target is l)eing t.rackccl ancl u])clates
\~l[;]  I, AN’J’]I;’s state appro])riate]y  t o reflect this,
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S Algorithm Description

O u r  gc)al for VI(;I  l, AN’1’lI;  is to dc~nolls~ratc  that tllc systcl[l is al)lc to acqu i t - e  all airborllc  object,  and
sulmqucIIt,l-y  rccogl)ize and track  t}le target over Itlulti])lc fraltlrx. ‘JYIC variatio]ls  in a target’s aI)lwaraIlce due to
class (llclicoI)tcr, lnissile,  ])lanc, ck.), idcrltity,  oriclltatioli, liglltitg, slid scale ]nake this task extrclnely  difficult.
Siln~)lc correlation scllcltlcs (cacll tcltl]jlak is all ol)jcct itl]agc)  usitlg ]nisrnatcll  energy are boutld to fail duc
to tllc extrc[[lely large Ilutnlmr of tclnl,laks required to accurately dc~)ict tfle aplwaralicc  of cacll target for
classification. Por illstancc  with 3 classes cacll }vith a sitlgle ol~jcct, 4 scale sires, 4 illumitlation  Scheltlcs, and 200
ol~jcc~, oriclltations,  over 9000 tetnplatcs would IIavc to lm })roccssd  and Lltc results evaluated Jlrior to dctcrlnining
if a ]Jarticular  ol~,ject is in tllc frame.

ltt a A’1’1{  sce~lario, even all extrelucly  fast l)roccssor  like the 31JANN  w o u l d  k ut~al)le to scarclt the 9 0 0 0
tcItlI)latcw  cluick Cllougll to lnakc real  time  dccisio[ls. C)bviously,  a diffcretlt tyl)c of search strategy is required
for A’]’]{  tylw apr)lications.  h!odificatio~l  of correlatiorl  stratcgim  to allow for coltlI)osite tcmI,lates,  recluciilg the
ditncllsionalit,y  of tllc image  millg  eitllcr  wawlet,s or eigetlvcctors, atld tflc usc of sensor fusion arc all techniques
that have })CCII aI)l)lid to tile A’J’Ii ]Jrol)lel[l.$’’17’10’6

ltl \TIGII,ANrl’l;,  we aI)lJroaclt  tllc A’1’1{  r)ro},lcrtl usitlg a Ilicrarcllical  ]t]cthodo]c)gy.  Our ktlo~vldgc  I)asc cc)llsists
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Hierarchical Object Recognition

Acquisition Phase - No Knowledge
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(Nfissilc,  90)

(Plan., O)

(Ildicoptcr,  60)
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(SuhcIassification,  lhfincd  Oricnbation)

l’igurc2:  Jtxallljjle  illlagcry  frollltllc ol~jcctl iljraricsa ]iclcorreslJorlcli  tlgeigclll'cctorse  tsfortl letclll[)latelli  erarclly.
'l`llctcl~ll)latesc ttllatcorr cslJo~lclstc,\  71(J11,  AN'l`1t'sc~lrre]lt  ktlowlcdgcah out thetargct islOaclccl o11tlle31)ANThT
atld associated classifiers are rufl collcwrrc[lt]y  01) tllc C; NA1’S  ])rocessors  duri[lg fraltle  evaluation,

of a set of c)l~ject lil)rarics  that, give the aI)jwarallce of all ol)jcct for various oricntatiorls,  ligliti[lg coll[litiorls, and
sralc.  Sets of te][ll Jlates are gel~cratcd  witlt l)ri[lcilJal coll~])ollcllts analysis (l’CA) by salnplin.g the lit~rary ituages
at diffcrelit ICVCIS  of sJwcificity  wit])  rcsIwct to ol)jcct class, sut)-class, a n d  orietltatioll.  1’CA I)roviclcs  an orclmxl
set cjf cigetlvectors  ttlat have beet) sllowli to k useful for face atld ol)jcct recogrlition and identification tasks. ‘s 3,4

'l`]lc Itlostg ctlcralt el~~JJlatcsa rcgc~ieratc  cl{lsitlg]'~;A frolll:i  rallclol[~ saftlIJ]c  clra}vlt o~rcrtllee Iltireclata}.Jase.  hlorc
.,

sl)~clflc  t~llll)lat~ s~ts arc twerat~~]  all[l reflect systelll  kllc)wlc@  of the object class, suklass, and orientation.
‘1’licsc varial)les  are explicitly evaluated  for durirlg itnagc [processing  over the course of an A’1’1{  scenario.

‘1’lle lllotivation  for using a Ilicrarclly is straiglit for~~ard. SolIlc illfortllation  ai)oui  a target  is di[licult  to
ascertain and Iuay take  lnany fralnes  or all a])]JroI)riatc  view’ if] order to ol~taitl  it. l)roblctns  s[lch as iclctltif  [cation
Itiay require  fitle clistinctio~ls  betwccll closc]y rclatecl  ot)jccts.  LJsiug a Ilicrarcllical  set of cigcllvdors  alloww t h e
systc)n to p e r f o r m  easif7’  tasks  early Ivitll  lJrojcctio]ls o~l less slwcific Cigcllwctor  sets. ‘1’lle alls~vcrs to tllcsc
qumtiol]s  (class, orimltatioll  with itt 90°) calt lw used to IIarrow the distril)ution  of cxpcctd ol)jcct ilnagm  to a
sittglc class or subclass at a lnore slwcific orientation. ‘1’llccigcllY’ectors  ofsuc]l  a distril)utioli  will I)rovidc finer
discrilnillatioll  bctwccll ob j ec t  aplwarances  ttlus allowingcvct]  ~norc sul~tlc cltaractcrizatioll  (e.g. idclltity)  to be
Inadc. Classifiers at each stage of ttlc I)roccssitlg  arc worki[)g Jvitll all cigetlwctor  set }vtlcrc tlic distrit~utiol] is
ltlaxitnal  for tllc object  of itltcrmt.  Figure  2 s n o w s  tllc tettlI~latc IIierarcliy  atlcl tllc clccisiorl varial)les  usccl to
ulxlate the rcsidcllt  tcmI)latc  se~.

‘J’hc algorithm wc have dwclopd for \rl(; 11, AN’l’lt  is orgal)izd itl tllrec I)hascs: Acquisition, l{ccog[iitio~l,
aIId ‘J’rackit  lg. I)uritlg  cacli I)llasc, llcural Ildworks  (or l)ossit~ly otllcr  class iflcrs)  trait led 011 the ])rojcctcd values
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Figure  3: Algorithm to VJ(; 11, AN’1’lt ardlitccturc.

frottl tllc tct]lI)lak set, locate the ol)ject (or its features) in the fraltle  and ~)rovidc lnore s[)ccific  orielltation  arlcl
rccogtlition  inforttiatio]l. IIt the Acquisitioll  l’llasc (Al’) it is assutlld that a airhorlle  target’s imageis of the
a])l)rolJriate size (greater than 20 ])ixcls  if scctl at ])rofilc  for ttlc .givcn set of oI)tics)  if it is it] tile currc]lt  frame.
Nootllcr  kl~o~~’lcclgeisass[lll~ecl  aljo~lttllctargct. ‘1’hc }vork required ill this ]Jhase  is to locate the object  within
tile fra~nc, dctcrltlitlc  the class of (Ile ol~jcct (Ilclicol)tcr, ])laflc, o r  ]t]issile),  and establisl)  a rougl I oricntatio]]
for  tllc l)ritlci])al axis of the ohjcd (}vitllill  +450).  III the liccognition  J’llasc (1/1’), the eigellveclors  s]xxific to
object class and orientation (as dcterlnind  in Al’ or l)rior eva)uatiou  in 1{1))  are loacld onto the 31)ANN. As
inforlllatioll  about, subclass, idcntjity, atld oric]ltation  I)ccollles ktlowl} aljout  the target, the aI)l)roJJriatc  teltll)late
set is loadd on the 31)ANN. ‘1’llis I)llasc  is continued urlt, il the object is comr)letcly iclmtifiecl and a decision IIas
Imcil ltladctot  rackit. ‘I’llc’I’rackillg  l)llase (’1’1’) isdesigncd  tocorltitllloLlslJ1 tlailitaiflot> jccttrac killgcaj)  ability
lvllcll the ol>jcct is too large for cclltroid tracking. IIi this cvmt, a feature tracking systcm  is ittll)lclncnted  to
]Jrovide additiollal  orientation and t:lrgctillgil lfori[latio~l.

Figure 3 SIIOWS tllc ~llap~)ingof tllc illlagccvaluation  algorithtu  o]] tile \TIGII,ANrl’l;  architecture during  Al’ and
1{1’.  ‘J’IIc  31) ANN l)rojccts  asul~-wil[dow in tllccurrctlt,  fralnco[~cacll  ofits64  telnplatesevrvy 250nanoscconcls.
‘J’llc CI,l C is used tosclect tile }vindow tobc evaluated aild Iwrforlns tfic IIcccssary  digital to allalogco~l~ersioll.
'J`llc C; NAl'Sl,oarcls ilt~j)lelllcllt ~lc(lr{il ll(t~vorkc  ]assificrs}  t,]licllt aketllc~{ 1) ANNolltI)~lt (tl]e641>rojectecl  values)
and iitl])lcttmnt OIIC  of three  slmcific tasks  itl l)arallcl: location) classification, and orientation.
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l’;xam])lc  inla.gcry ad for tcstitlg  orietltatioll.  ‘1’lIc object is a It Ioclcl L-raise misslc.

4 R e s u l t s

‘1’llis  scctioli  clrxcribcs  silnulation  rcsalk for  orictltitl~  tllr  l)ri[lci})al  a x i s  o f  tllc ol)jcct  ill tllc  ilnage  ~)lalle  usilic
tllc IIicrarcllical lnctllodology. ‘1’0 reduce ttlc cornJJlexity  of tllc I)rol~lem a nulnbcr  of sitn])lifying assamptiolls
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are made.  ()]lly 3 classes of ol).iects, cacll colltaitlillg  a sillglc c)t)jcct sal~-c]ass arc cotlsiclcred Ilclicol]ters, craise
ltlisscs, and I)lallcs. ‘1’he ol)jcct is cclltcrccl it) tllc fralnc (all evalaatd ilnagcs Ilavc objects) usitlg tllc output of
all c)}~jcct detect or. s ‘1’lle ol.)jcct ~[lcasurcs at least 30 ],ixcls irl l)rc)filc at tllc distance itlla,gcd along its ])ritlcipal
axis (i[ldqwlldellt,  of tllc ol]jcct).  ‘1’wo scale sires arc illcor~)oratd  ill tlw clatabase.

An object  library was collstrucM with tllrcc Inodcls (OIIC froln each class). ‘1’he objects were orielltccl  against
a I>lail] I)ackgroulld ancl ililagccl wit}l diffuse li.gl[til lg. ltna.gc o})cratic~lls  lvcre l)erforlncd oll tllc data Lo accoaat for
scale and solne orientations. For tcstitlg  purposes, tile Itlodels were itnagcd in a heavily clattercc] scellc. I;igurc 4
])rovidcs  tyl)ical  exarnplrx  of test ilttagcry.

‘J’wo cxI)cri Incnts 011 orientation ~verc l)crforlncd using tllc test  ilnagery, situulating  the IIierarchica] approach
dcscrild ia tile previous sc-ctioll. III t}le f i r s t  cx[writ[lcat,  110 knc)}vlcclgc }vas assunld at>out t he  ol]jcct.  ‘1’lw
task was to clcterlninc  wllicl) oricrltat  ion as Incasured from l)erl)cllcticular-  30°, 45°, or 60° best describe tllc givcll
oljjcct.  ‘J’lle  classifier lvas collsiclerecl succcssfal if tile true allglc of tllc I)rincil)al  axis cjf the o})jcct was }Vithitl
+30° of tlie lal>cld class. ‘1’tle cigellvcctor  sd used to generate  the 64 values associated with the iltlage Jvere
gcllcratd  frc)rn  a saml)lc of 1000 iftlagcs drawn randolllly  froltl tile erltirc ot)ject lit)rary.

111 tllc scconcl exI)crimcnt,  the class of the object and its orientation to Ivitltill +45° is given, III this  case,
tlIc classifier was to refine tllc oric]ltation  cstiinatc. ‘Jo be sacccssful,  it needed to bc witllill  +22.5°  of the trlle
orictltation.  As ol)ject,  class was kaowII, three cigcllvector sets were genci-atccl  from a ral(doln sample  of 1000
itllagcs clrawu using the iclclltifiecl object over a uniform range of allowed orientation. ]>igurc 2 proviclcs ilrlages
of tile actual  eigellvector  sets used it] the stady.

‘J’lIe oriclltatioa classifier is a sitlllllc fed forward neural IIetwork.  It employs a sirlglc hiclclen layer lvitll 20
nodes wllicll feeds a sillglc output variable takitlg  011 va]um Mwccll +1 .0. l’;acll subima,ge  hlocli is evaluated
itde~~c[ldcl~tly  hy first projectilig  it ol~ cacll of tlw 64 eigc]lvectors and tl~cn ~Jroviclin.g tllesc outl)uts  to tllc IIeural
Ilcttvork for classificatioli.  ‘1’IIc out,pat  is tllcll linearly lnaI)pcd back to all allglc. ‘J’he nct~vork  is trained ~vith back
pro]mgatiollz  on ittlages ill tllc object  libraries itlcorporat, irlg scale, ol)ject,  and orientaticjn  variations. A portio]l
of the trainiltg set (a IIold  out set) is mservd  to stop IIctwork learllitlg  ill order to e~lhance generalization. Also
illcludd ill tllc training altd hold out  set are sornc cxaln~Jles  of the ol)jcct in a cluttered ctlvironmmlt,  ‘1’llis was



. .
.

Image Frame Distribution Set

~LltlNlt  Response: 1 0

\
\
\
\
\
\
\
\
\
\
\
\
\

I
l’i.gare 5: Neural IIclwork outl)ut,  lnarlr,iilg for illlagc },lalie orientation.

CIOIIC  to etlllallce generalization for tllc test itilagery.

Figarc  6 lJrments  the malts of tllc classifiers 011 the rcslwctivc objects . ‘1’hc ncaral  IIetworks  had little
difference in their  identification rates wit]l rcslmct to ol)ject class. Only tlic ltlissilc orientation for tile missile was
significantly higher in the Acquisition l’hasc. ‘1’his  is ~nost likely clue tc) its relatively simple shal)c (as colnpard
to the llclicoI)ter or plane)  ancl its brightness  WIICN  coluparcd  with background. hlost  likely higher  results  can be
ol)taind with more precise data. ‘J’llc object  lil)rarics were .gerlcrated using ltlanual  alig[llnent.  \\Te arc currmltly
illst allitig a tc)tally autolnatrxl  systcltl  for gcllerat ing tllc ol)jcct lit)rarics froIll scale IIIoclcls.

5 C o n c l u s i o n

\V( ]Iave clescribed  an algoritlltt  I that is easily irtll)lelt~cntecl  in t Ilc \TIGI I, AN’l’l;  architcdurc  that, lJrovicles
good orientation rates  on three  airborllc  ~nodcl ot)jccts  it) a cluttered SCCIIC. ‘1’he algorithm provides a straight
for}vard  ]Iierarchical  dccom~)ositioll  of all Al’]{ sccllario getlci-al telnplatc sets for easy tasks when little is k[iowll
al)oat  tile object, more specific telnI)late  sets for the filler discrilllirlation  neeclecl for rccogtlition  or idc~ltificatioll.
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l~i~urc  6:  l;valuation  sumcss rtitc f o r  dctcrttlitlittg  tlic i[tlagc IJlallc oriclltatioli  o f  an ol~jd. ‘1’he rate is the
pcrcc]ltagc  of lIOVC1 images  whose  neural  IIetwork outl)ut  was litlcarly lnal)J)cd to tvitllill 45.0 or 22.5 degrees
of tllc actual  orientation of the l)riIlciljal  axis in tllc ilnagc lJlallc clcrwliditlg u1) on ~vllich phase (Acquisition or
Iiccog]lition)  was being evaluatccl.  For cacll c)l)jcct,  a~)l)roxi[natcly  6000 illlagcs }vcrc used to estimate the rate.
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